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 HERDING BEHAVIOUR IN STRATEGIC STYLE ALLOCATIONS: 

EMPIRICAL EVIDENCE ON UK PENSION PLAN MANAGERS 

 

 
 
 
 
Abstract 

 
This study firstly examines herding behaviour in the strategic style allocations of UK 

pension plans by using the traditional measure developed by Lakonishok et al. (1992). 

Afterwards, some original analyses are carried out to overcome certain shortcomings and 

limitations existing in this metric. The results show that UK pension managers are involved 

in herd behaviour although the magnitude of this phenomenon is reduced after the 

application of our alternative approach. Furthermore, this phenomenon is also confirmed 

when using additionational analyses to test this behaviour from other perspectives. 
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1. Introduction. 

The increasing importance of institutional managers on stock markets has encouraged the 

research on the influence their trading exerts on asset prices. This interest is due to the 

belief that institutional herding behaviour1

Although recent literature reports the growing importance of pension funds for the 

domestic stock markets, the majority of the studies have focused on the behaviour of 

investment fund managers. Some exceptions are, for instance, the studies of Lakonishok et 

al. (1992) and Jones et al. (1999). Specifically, the pioneering study of Lakonishok et al. 

(1992) develops a herding metric (LSV henceforth) to investigate the holdings of more than 

700 US pension funds, concluding that pension fund herding in large stocks is modest. 

Jones et al. (1999) report that US pension fund managers act as feedback traders especially 

on the buy side and mostly in small stocks with a high past performance. Similarly, 

Badrinath and Wahal (2002) also claim that US pension managers are engaged in feedback 

trading to a lesser extent than other institutions. 

 may have consequences on financial markets 

statibility. A number of theoretical models have been suggested to explain this 

phenomenon; see, e.g. Bikhchandani and Sharma (2000) and Hirshleifer and Teoh (2003) 

for an exhaustive review of herding behaviour in capital markets. Empirical studies have 

focused on the behaviour of investment funds in the US market using the herding measure 

proposed by Lakonishok et al. (1992). These empirical analyses show that the actual extent 

of herding by institutional managers is modest when analysing portfolio holdings (see e.g., 

Grinblatt et al., 1995; Wermers, 1999; and Borensztein and Gelos, 2000).  

                                                 
1Financial literature defines “herding” as the simultaneous trend of managers to buy or sell a particular stock 
in a given time period relative to what could be expected if managers trade independently. 
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Pension funds have also been analysed in other developed markets such as UK due to 

the increasing importance of this investment vehicle for individuals to ensure an 

appropriate income at retirement. Specifically, De Bondt and Forbes (1999) analyse 

herding behaviour in analyst’ forecasts using data of UK companies between 1986 and 

1997. On the other hand, Hwang and Salmon (2001) propose a herding measure based on 

the cross-sectional dispersion of factor sensitivity of assets. Specifically, these authors 

analyse the US, UK and South Korean stock markets during the period 1990-2000, finding 

that herding toward the market portfolio arises during relatively quiet periods rather than 

when markets are under stress. Later, Wylie (2005) analyses herding behaviour using the 

traditional LSV measure on the portfolio holdings of 268 UK equity mutual funds in the 

period 1986-1993. The study shows that the herding level is higher for the smallest stocks 

as was found by Lakonishok et al. (1992) and Wermers (1999). 

The abovementioned empirical studies examine institutional herding behaviour of US 

and UK managers by analysing portfolio holdings. However, little is known about this 

behaviour when considering strategic style allocations althought the investment policy is 

one of the most relevant decisions of portfolio management, especially when analysing 

pension plans (see, Ibbotson and Kaplan, 2000). For that reason, this paper firstly 

investigates the herding behaviour in the strategic style allocations of UK personal pension 

plans in the period 2000-2007.  

The analysis of herding in strategic style allocations is based on return data, being 

this information more available than portfolio holdings. Retuns are usually collected with 

higher frequency than portfolio holdings which make easier the detection of the behavioural 
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patterns followed by managers.2

Our analysis of UK pension plans is also justified by the importance of the British 

market with respect to the rest of the markets in general and to the European industry in 

particular. Concretely, global pension statistics shown by OECD (2007) point out that UK 

is a mature market according to the ratio of pension assets relatively to the GDP of the 

economy.  

 Therefore, our research is also motivated by the ongoing 

studies that analyse herding behaviour considering portfolio holdings compared to the lack 

of conclusions about herding behaviour in strategic style allocations. As far as we know, 

this study is the first attempt to formally analyse herding behaviour of UK pension plans 

through the use of style allocations. 

Initially, the traditional LSV measure was applied to this dataset, finding levels of 

herding higher than those previously observed in the above studies using portfolio holdings. 

Although new procedures to test herding behaviour have been proposed (see, e.g. Hwang 

and Salmon, 2001, among others), LSV measure is still the most used in financial literature 

focused on institutional behaviour. After the application of the LSV measure, we explore 

whether these results are meaningful given the biases that Oehler (1998) and Wylie (2005) 

attribute to the traditional approach. The study of the shortcomings highlighted by these 

authors leads us to propose an alternative approach to capture the herding level more 

precisely as demonstrated in a simulation analysis. Hence, we contribute to financial 

literature by means of our attempt to improve the traditional method of detecting herding 

behaviour.  

                                                 
2Moreover, it is important to note that some research lines (e.g. window dressing) have shown that, 
sometimes, managers follow certain practices to disguise the actual portfolios hold. 
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Finally, we also tackle the limitations of the traditional measure pointed out by 

Bikhchandani and Sharma (2000) through the use of the amount ratio and a time-series 

analysis. The findings of these additional studies are consistent with those obtained by the 

traditional measure. Consequently, we add to financial literature given that we study the 

herding phenomenon from different perspectives. 

The remainder of the paper is structured as follows: Section 2 introduces the UK 

pension market and our pension plan database. Section 3 explains the methodology used for 

measuring herding behaviour in strategic style allocations. Section 4 presents the empirical 

results obtained by applying the traditional herding measure and our alternative approach to 

solve some of its shortcomings. Section 5 includes some additional analyses to test this 

phenomenon from different perspectives and to raise alternatives to some limitations of the 

traditional metric. Finally, conclusions are summarised in Section 6. 

 

2. Data 

This paper analyses herding behaviour in strategic style allocations of UK pension plan 

managers. We used monthly data on the returns of 260 UK balanced pension plans that 

exist in the period from June 2000 to December 2007.3

                                                 
3 The requirement of at least 36 observations to estimate robust parameters leads to a final sample of 193 
balanced pension plans. 

 The dataset is free of survivorship 

bias, a relevant feature given that the consideration of only those funds that survived could 

create an illusion of herding as indicated by Wylie (2005). This information was obtained 

from Micropal, a company leader in providing independent information on mutual funds 

and pension schemes. 
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The analysis of the strategic style allocations of the pension plans included in our 

sample forces us to collect monthly returns of a series of benchmarks representative of the 

main holdings of these portfolios. These benchmarks are initially split in equity, fixed-

income and cash indexes. This information was obtained from Morgan Stanley Capital 

International-Barra (MSCI-Barra) in the case of equity benchmarks and from the Bank of 

England in the case of fixed-income and cash indexes.  

Table 1 provides descriptive statistics of the monthly returns and volatility (measured 

by the standard deviation) of the UK pension plans analysed along with the information of 

the whole spectrum of benchmarks initially considered. 

 

Table 1. Descriptive statistics 

The table shows some descriptive statistics for our sample of 193 UK balanced pension plans and for the 

different benchmarks initially proposed. The data is reported in monthly terms considering the entire period of 

analysis (June 2000-December 2007).  

Pension Plans Mean Median 25th 
Percentile 

75th 
Percentile 

Standard 
Deviation 

Equally-weighted portfolio 0.0033 0.0104 -0.0115 0.0227 0.0302 
Number of pension plans 173 183 157 193 - 
      

Benchmarks Mean Median 25th 
Percentile 

75th 
Percentile 

Standard 
Deviation 

MSCI UK 0.0038 0.0106 -0.0137 0.0283 0.0359 
MSCI Europe 0.0044 0.0099 -0.0168 0.0326 0.0440 
MSCI USA -0.0006 0.0052 -0.0214 0.0254 0.0452 
MSCI Japan -0.0013 -0.0008 -0.0343 0.0305 0.0520 
MSCI World Index 0.0014 0.0092 -0.0214 0.0303 0.0419 
10-year Fixed-Income 0.0038 0.0038 0.0036 0.0040 0.0003 
5-year Fixed-Income 0.0039 0.0038 0.0036 0.0041 0.0004 
3-year Fixed-Income 0.0038 0.0038 0.0035 0.0041 0.0004 
1-year Fixed-Income 0.0037 0.0037 0.0034 0.0041 0.0005 
1-month Treasury Bill Repos 0.0038 0.0037 0.0032 0.0042 0.0006 
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3. Methodology 

 
3.1 The traditional LSV herding measure 

The main aim of the paper is to determine whether UK pension plan managers are engaged 

in herding behaviour when they decide their investment style allocations. For that reason, 

we firstly use the well-known herding measure developed by Lakonishok et al. (1992) 

given that its generalised application makes easier the international comparability of the 

empirical findings. 

According to this measure, herding is the simultaneous trend of managers to buy or 

sell a particular stock in a given time period relative to what could be expected if managers 

trade independently. Therefore, in the context of our study, herding is identified as the 

tendency of pension plan managers to change a specific style allocation in the same 

direction (increase or decrease) in a given period. In other words, there is herding behaviour 

when the proportion of managers that increase (reduce) a style allocation in a specific 

benchmark is above the expected proportion under the null hypothesis of independent 

management decisions. Therefore, positive and statistically significant values of the metric 

will provide evidence of herding behaviour. Concretely, the LSV measure defines herding 

for a given style j in a given period t, H(j,t) as follows: 

),()(),(),( tjAFtptjptjH −−=   (1) 

where: 

),(),(
),(),(

tjStjB
tjBtjp

+
=  (2) 



 -9- 

∑∑

∑

==

=

+
= k

j

k

j

k

j

tjStjB

tjB
tp

11

1

),(),(

),(
)(  (3) 

[ ])(),(),( tptjpEtjAF −=  (4) 

B(j,t) and S(j,t) is the number of managers who increase and decrease their exposure in the 

strategic style  j over period t (net buyers and net sellers), note that these expressions follow 

a binomial distribution with probability p(t); p(j,t) is the percentage of buying managers in 

style j in period t; p(t) is the expected proportion of managers buying in that period relative 

to the number of active managers aggregated across all styles and AF(j,t), the adjustment 

factor calculated under the assumption that trades follow a binomial distribution with B(j,t) 

and S(j,t) as success and failure outcomes.  

 

3.2 The style analysis model 

Due to our analysis of herding behaviour in strategic style allocations, we have to 

determine these allocations in UK balanced pension plans. In order to do that, we use an 

index model based on the style analysis proposed by Sharpe (1992). 

In this sense, to measure the performance of common stock funds, Elton et al. (1996) 

recommend a four-index model. This model includes the S&P 500 index, a size index, a 

growth versus value index, and one bond index. Afterwads, Elton et al. (1999) use the 

difference between the large-cap and the small-cap portfolios and the difference between 

the growth and value portfolios in addition to the S&P 500 index. These portfolios are 

correlated with the Fama and French (1993) size and book to market factors and capture the 
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major limitations of the single-factor capital asset pricing model. Moreover, these portfolios 

span the major groups of stocks in which pension plans invest.  

With regard to fixed-income benchmarks, Sharpe (1992) does not only use a 

government bond index but also includes corporate bond indices in the factor model that 

uses for style analysis. Similarly, Fama and French (1993) illustrate that a bond model 

should include factors related to bond maturity risk and bond default risk. In their study, 

Blake et al. (1993) propose, among other alternatives, a six-factor model including 

corporate and government bond indices that represent various maturities, a high-yield 

corporate bond index, and a mortgage-backed securities index. Additionally, Comer (2006) 

develops a new model to measure the bond portion of US hybrid funds since several funds 

do not show sensitivity to any of the bond indices proposed by Blake et al. (1993).  

Although the performance of US benchmarks is not always strongly correlated due to 

the width of this market, the multicollinearity between the benchmarks in other markets is 

an important issue.4

 

 Table 2 reports the analysis of multicollinearity based on Pearson’s 

correlation coefficients for the benchmarks initially considered to collect the main groups 

of assets in which UK balanced pension plans invest. Concretely, we have considered 

several equity benchmarks to account for the most important markets of investment (UK, 

Europe, USA, Japan and World) as well as fixed-income benchmarks to account for 

different maturities (10-year period, 5-year period, 3-year period and 1-year period) and a 

benchmark representative of cash (1-month Treasury Bill Repos). 

 

                                                 
4 Some concerns about possible distorted results because of multicollinearity problems of the benchmarks 
were pointed out by Buetow et al. (2000) and Ben Dor et al. (2003). Hence, the selection of the appropriate 
benchmarks is of utmost importance. 
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Table 2. Pearson’s correlation coefficients 

 
MSCI 
UK 

MSCI 
Europe 

MSCI 
USA 

MSCI 
Japan 

MSCI 
World 10-y FI 5-y FI 3-y FI 1-y FI Repos 

MSCIUK 1 0.955 0.832 0.447 0.899 -0.135 -0.119 -0.088 -0.028 -0.028 
MSCIEurope  1 0.859 0.465 0.932 -0.166 -0.142 -0.109 -0.043 -0.041 
MSCIUsa   1 0.522 0.974 -0.133 -0.119 -0.092 -0.035 -0.018 
MSCIJapan    1 0.615 -0.233 -0.239 -0.211 -0.156 -0.160 
MSCIWorld     1 -0.172 -0.155 -0.123 -0.055 -0.043 
10-y FI      1 0.905 0.808 0.585 0.332 
5-y FI       1 0.980 0.845 0.617 
3-y FI        1 0.926 0.724 
1-y FI         1 0.911 
Repos          1 

 

 On the basis of the correlation results of Table 2 and bearing in mind the 

requirements of Sharpe’s style analysis about the exhaustivity, exclusivity and 

independence of the benchmarks, we define a three-factor model to represent the expected 

return for a given balanced pension plan. Concretely, the high value of Pearson’s 

coefficients between the different equity benchmarks analysed leads us to test the 

correlation between the returns of UK balanced pension plans and these indices in order to 

determine the equity benchmark of our model. Based on these results, we decide to use 

MSCI World index given that this benchmark seems to be the most relevant in the 

portfolios of our sample. On the other hand, we choose the 10-year fixed-income index as 

representative of the bond part of the portfolios since this index shows the lowest 

correlation to cash. Therefore, the model is as follows:  

p
t

ppppp
t RRRR εββββ ++++= tRepos,3tonds,10yPublicB2tMSCIWorld,10            (5) 

where p
tR  is the gross return of pension plan p in month t; RMSCIWorld,t is the gross return on 

the MSCI World index in month t, R10yPublicBond,t is the gross return on the 10-year UK 

Public Debt index in month t and RRepos,t is the gross return of 1-month UK Treasury Bill 
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Repos in month t, p
jβ  is the style weight of the basic asset class j (where  j=1 to 3) of 

pension plan p, p
0β  is the part of the return that active management adds to the merely 

passive tracking of the style portfolio5 p
tε and  is the residual return not captured by the 

model.  

After the definition of the model, the main issue is whether this model represents the 

return-generating processs of UK balanced pension plans. To test the effectiveness of this 

model, we use Sharpe’s (1992) quadratic programming technique. This methodology is 

used to determine the average exposure of a pension plan p to the major asset classes. 

Hence, the best explanation for the return p
tR is given by style weights p

jβ that minimise 

the residual variance of the model subject to two restrictions: 100% of the portfolio must be 

invested (portfolio constraint) and short sales are not allowed (positivity constraint). 

Therefore, using the time series of returns, we solve the following quadratic equation: 

2
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p
j 1β               10 p

j ≤≤ β     j=1, 2, ...,k 

3.3 Application of the traditional LSV herding measure to strategic style allocations 

The next step of our study is focused on the evolution of the strategic style allocations over 

time. Therefore, we estimate the style weights of each pension plan p considering 36-month 

rolling windows. The comparison of the style weights allocated by each portfolio in two 

                                                 
5 The tradicional style model proposed by Sharpe (1992) does not include a constant β0.  However, equation 5 
following the approach developed by De Roon et al. (2004) and Harri and Brorsen (2004) includes the 
constant to take into account the added value of active management. 
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consecutive rolling windows allows us to investigate if managers are increasing or 

decreasing their exposure to a certain asset.  

In this sense, althought the traditional LSV measure gauges herding without regard to 

the direction of the strategic movements, we divide this metric into buying herding and 

selling herding. Thus, we define a buying or selling pension plan p in a strategic style j if: 

p
Ij

p
IIj ,, ββ >   (buying) 

p
Ij

p
IIj ,, ββ <                     (selling) (7) 

where p
Ij ,β  is the allocation in style j of pension plan p calculated over window I and p

IIj ,β  is 

obtained from monthly returns over the next window (window II).  

This rolling window approach implies overlapping data. Given that our dataset is 

composed of monthly observations, we consider monthly gaps for consecutive windows, 

deleting the first observation and adding the observation of the next period. Harri and 

Brorsen (2009) justify the use of overlapping data to estimate multi-period changes in order 

to achieve greater efficiency in the sense that we use all the information available. 

 Nevertheless, we perform a Monte Carlo analysis in order to assess the possible bias 

caused by using overlapping data because the cross-sectional convergence of managers 

could be the result of the existence of common data in two consecutive rolling windows. 

Specifically, our Monte Carlo analysis involves the generation of 50,000 different 

portfolios under different scenarios to test if the variation (increase or decrease) of the 

exposure in a specific style allocation is independent. Therefore, we try to demonstrate that 

given the style exposure of a rolling window the exposure of the next window could be 

higher or lower than the previous one with the same probability. In other words, the 



 -14- 

variation of the exposures is independent of the data value in which two rolling windows 

differs. Otherwise, the majority of managers would have convergent behaviour. 

Our Monte Carlo analysis confirms this indepence in the movements of the style 

exposures.6

  

 Therefore, the overlapping data is not causing a possible problem of spurious 

herding and we can continue with our study trying to improve the traditional measure 

according to the numerous shortcomings and limitations pointed out in previous studies. 

3.4 Shortcomings of the LSV herding measure 

The traditional herding metric has caused some controversy due to some shortcomings and 

limitations detected through time. Oehler (1998) shows that this measure causes some 

problems of interpretation. This author firstly claims that LSV measure is designed to 

capture buying herding although potential convergent patterns in the selling side are also 

relevant. Based on these criticisms, our study is focused on both buying and selling herding 

as previously explained (see expression 7). 

Secondly, Oehler (1998) indicates that the parameter p(t) calculated according to the 

LSV metric (see expression 3) does not capture properly the herding level in each asset 

class. Therefore, we consider interesting to work out a p(t) value for each style given that, 

according to this author, “the p(t) adjustment leads to a lack of information because 

averaging procedure (across all stocks) does not allow to compare stock by stock 

separately”. This drawback might also be affecting to our analysis of style allocations and 

is connected with some additional concerns about the p(t) values pointed out by Wylie 

(2005). 

                                                 
6 Concretly, our simulation process shows that in 98.43% of the cases we can accept the null hypothesis of 
independence in the equity exposure movements. Similarly, this percentage reachs a value of 97.92% and 
98.79% for bond and cash exposures, respectively. 
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Concretely, Wylie (2005) focuses on the hypotheses about the value of p(t) in which 

LSV metric rests on. The author indicates that the probability to buy or sell a stock in a give 

period t could not be the same given that managers cannot undertake short sales and, 

therefore, only managers having an initial holding are able to sell it. Additionally, the 

probability of buying a certain stock seems also to be conditioned by the size of the initial 

holding in the stock. 

The concerns of Oehler (1998) and Wylie (2005) about the values of p(t) lead us to 

check the possible existence of a relationship between the previous exposures and the 

probability of increasing (decresing) them in the next period. In our dataset, we find a high 

statistical significance in this relationship as can be observed in Appendix 1. This result 

justifies our calculation of p(t) values taking into account the strategic style allocation of 

the previous period. Note that the underlying idea about the impact of the previous 

exposure on the probability of increasing this style weight is even more important when 

analysing strategic style allocation than when using portfolio holdings given the positivity 

and portfolio constraints of the style model (see, equation 6). 

The calculation of p(t) values accounting for the style allocation of the previous 

period can be tackled through both a parametric and a non-parametric regression. From our 

point of view, the use of a non-parametric method is more advisable since a parametric 

regression like that used in Appendix 17

                                                 
7 The parametric regression of Appendix 1 was used to demonstrate that the tendency shown by Figure 1 and 
3 is statistically significant. 

 could create a generated regressor bias. Note that 

the values of the independent variable are the style weights estimated and therefore, they 

include estimation errors. 
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Hence, we propose the calculation of the p(t) values using a non-parametric kernel 

method given the utility of this method in case of unknown forms of the relationship 

between two variables, in our case, the probability of increasing the exposure to a certain 

asset and the previous exposure. Therefore, kernel method provides us the probability of 

increasing the exposure to equities, fixed-income assets and cash assigned to each value of 

β1, β2 and β3. These probabilities are calculated from the exposures of each pension plan p 

in each rolling window and the information about whether each exposure is higher or lower 

than the allocation in the previous period.8

Finally, Bickchandani and Sharma (2000) indicate two limitations of LSV measure. 

The first limitation is based on the fact that this measure only uses the number of managers 

on the two sides of the market, without any regard for the amount of stocks they buy or sell 

to assess the extent of herding. With respect to the second limitation, this metric could be 

used to evaluate the level of herding in a given period t from a cross-sectional point of 

view, but it cannot detect whether certain managers constantly tend to imitate others over 

time. Similarly to the criticisms of Oehler (1998) and Wylie (2005), the limitations of 

Bickchandani and Sharma (2000) also affect our study of herding behaviour in style 

allocations. 

 A detailed description of this method is shown 

in Appendix 2.  

We agree with the comments of these authors, although we have to bear in mind that 

they pointed out two features that, being of great interest, do not fit the original aims of the 

traditional metric. Nevertheless, we will try to find solutions to these limitations in two 

complementary analyses carried out in Section 5. 

                                                 
8 Note that this latter information is what allows us to define a pension plan as buying or selling (see equation 
7). 
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4. Empirical results 

4.1 Strategic style allocation results  

Table 3 reports summary statistics of the distribution of the style allocations followed by 

UK balanced pension plans according to the style model proposed. Several findings are 

clear from this table. First, the model works well across the UK pension plan sample 

examined as indicated by the high mean R2 coefficient (79.78%). Therefore, the model has 

strong explanatory power despite the constraints imposed by the quadratic programming 

method. Second, as stressed by Comer (2006), the results emphasise the importance of 

modeling the bond and cash portion of balanced portfolios. Concretely, the mean exposure 

in the fixed-income index and cash index is 13.82% and 17.82%, respectively. 

Nevertheless, the most important weight is shown by the equity style allocation (68.36%), a 

result consistent with the investment goal of these portfolios.9

Table 3 – Summary statistics of Sharpe’s style analysis 

  

The table shows the estimated results from Sharpe’s style analysis for our sample of UK balanced 

pension plans from June 2000 to December 2007. Each coefficient estimated represents the average 

exposure that each pension plan of the sample has allocated to each specific asset category. The R2 

coefficient reflects the explanatory power of the constrained regression. The figures report cross-

sectional statistics of the pension plans of the sample. 

      

 Mean Median 25th 
Percentile 

75th 
Percentile 

β0 0.0024 0.0023 0.0016 0.0030 
β1 (Equity) 0.6836 0.6811 0.6569 0.7085 
β2 (Fixed-Income) 0.1382 0.1456 0.0000 0.2661 
β3 (Cash) 0.1782 0.1663 0.0000 0.3248 
R2 0.7978 0.8230 0.7460 0.8600 

 
 
 
                                                 
9 The Investment Management Association (IMA) indicates that the maximum equity exposure is restricted to 
85% of the fund in balanced pension plans. 
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4.2 Herding results applying the traditional LSV measure 

We start with the presentation of the standard herding results using the traditional LSV 

measure. Table 4 shows the results for both buying and selling herding as well as 

information on the number of months in which this phenomenon is observed in the sample. 

The results highlight an average herding level of 11.67%, a figure higher than those 

previously reported in the US market when examining pension plans’ portfolio holdings 

(see, e.g. the level of 2.7% revealed by Lakonishok et al., 1992). Notwithstanding, the 

magnitude of herding shown by UK pension plans in relation to strategic style allocations is 

similar to that reported using portfolio holdings in other papers of less mature markets (see, 

e.g. the level of 22.6% shown in Voronkova and Bohl, 2005 for the Polish market). 

Additionally, from Table 4, we observe a higher herding behaviour in the equity style 

allocation (β1), the most important asset in these portfolios. Note that this higher level of 

herding goes with a higher number of months in which this phenomenon is detected.  

 
 
 

Table 4. Herding results based on the LSV measure. 

The table shows the herding results of the LSV measure for both buying (BH) and selling (SH) 

managers as well as the aggregate level of herding (Average) for the different strategic style 

allocations analysed (equity, fixed-income and cash). The results for the whole time period analysed 

(June 2003-December 2007) are reported in the last column of the table. The figures report the 

herding level of each year in percentage terms as the average of the twelve months along with the 

number of months is which this behaviour is observed. Moreover, the confidence intervals of the 

herding levels appear below the metric. Herding measures in bold are statistically significant at 5% 

level.  
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  2003* 2004 2005 2006 2007 2003-2007 
BH β1  13.49 (5) 17.91 (5) 19.58 (5) 25.33 (8) 15.70 (7) 18.85 (30) 

(Equities) (9.45; 17.53) (14.21; 21.61) (16.16; 22.99) (22.69; 27.98) (12.98; 18.43) (17.43; 20.27) 
SH β1  8.63 (2) 19.96 (6) 17.94 (7) 7.25 (4) 13.86 (4) 13.97 (23) 

(Equities) (2.12; 15.13) (16.67; 23.26) (15.01; 20.87) (3.55; 10.94) (10.31; 17.41) (12.35; 15.59) 

Average 11.06 18.94 18.76 16.29 14.78 16.41 
(7.62; 14.50) (16.47; 21.41) (16.52; 20.99) (14.14; 18.44) (12.60; 16.97) (15.34; 17.48) 

BH β2 9.30 (3) 7.69 (3) 4.43 (6) 2.40 (2) 8.61 (5) 6.23 (19) 
 (Fixed-Income) (3.07; 15.53) (2.53; 12.85) (-4.03; 12.90) (-6.38; 11.18) (3.91; 13.32) (3.51; 8.95) 

SH β2 5.95 (3) 12.66 (8) 8.31 (6) 6.79 (6) 8.24 (5) 8.61 (28) 
 (Fixed-Income) (-0.13; 12.03) (9.59; 15.74) (1.28; 15.34) (0.54; 13.03) (4.61; 11.88) (6.63; 10.59) 

Average 7.63 10.18 6.37 4.59 8.43 7.42 
(3.27; 11.99) (7.52; 12.83) (0.87; 11.88) (-0.54; 9.73) (5.51; 11.34) (5.81; 9.04) 

BH β3   2.06 (2) 12.69 (9) 13.48 (6) 11.02 (4) 8.51 (5) 10.23 (26) 
(Cash) (-6.83; 10.94) (8.84; 16.55) (10.26; 16.70) (7.18; 14.86) (4.59; 12.43) (8.43; 12.04) 
SH β3   9.21 (4) 7.13 (3) 10.90 (5) 20.96 (8) 11.31 (5) 12.15 (25) 
(Cash) (2.51; 15.91) (5.94; 16.78) (11.73; 14.48) (10.24; 23.74) (7.28; 15.89) (8.72; 14.01) 

Average 5.63 9.91 12.19 15.99 9.91 11.19 
(0.27; 10.99) (6.32; 13.51) (9.79; 14.59) (13.73; 18.25) (6.91; 12.91) (9.89; 12.49) 

Aggregate 8.11 13.01 12.44 12.29 11.04 11.67 
 

*Although the return-based style analysis of Sharpe (1992) is carried out from June 2000 to 

December 2007, the use of 36-month rolling windows leads us to examine herding behaviour from 

June 2003 to December 2007. Therefore, in 2003 we can only consider seven months. 

 

4.3 Herding results applying an alternative approach  

So far, herding results have been obtained applying the traditional LSV approach. Given 

that it is generally accepted that this metric presents some problems as discussed in the 

methodology section, we now propose a modification which provides more accurate 

estimates of the herding behaviour.  

Our improvement to the traditional herding measure is based on the basic idea 

pointed out by Oehler (1998) and Wylie (2005) about the calculation of the probability of 

increasing the exposures. The problem is that the traditional metric does not take into 

account that this value could depend on the previous exposure, as we have demonstrated in 

our sample of UK balanced pension plans (see Appendix 1). Therefore, instead of using the 
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p(t) values derived from expression 3,  we propose the use of more accurate values of the 

probability of increasing the exposure to the different style allocations analysed. 

Specifically, to calculate these new p(t) values we use a non-parametric kernel method as 

explained in section 3.4 and Appendix 2. 

Table 5 shows the herding level through the LSV metric but using the accurate values 

of the probability of increasing the different exposures obtained from the kernel’s method. 

Similarly to Table 4, we report the results for both buying and selling herding as well as 

information on the number of months in which herding phenomenon is detected. 

Table 5 is very illustrative since it seems to show more accurate results. This 

circumstance could be interpreted as an evidence of the superior suitability of our 

alternative approach as we will demonstrate in section 4.4. Concretely, the average herding 

level for the entire time period is reduced (9.83% instead of 11.67%). Moreover, it is 

important to stress that this decrease is observed in the herding level of the three style 

allocations.10

Table 5. Herding results based on our alternative approach 

  

The table shows the herding results of the LSV measure for both buying (BH) and selling (SH) 

managers as well as the aggregate level of herding (Average) for the different strategic style 

allocations analysed (equity, fixed-income and cash) when using the probability values obtained 

from the kernel method. The results for the entire time period analysed (June 2003-December 2007) 

are reported in the penultimate column of the table. Additionally, the last column of the table shows 

the differences between the level of herding by applying the traditional LSV measure and the 

method proposed here of using more accurate values of p(t). The figures report the herding level of 

each year in percentage terms as the average of the twelve months along with the number of months 

is which this behaviour is observed. Moreover, the confidence intervals of the herding levels appear 

below the metric. Herding measures in bold are statistically significant at 5% level. 

 

                                                 
10 Note, however, that these differences are not statistically significant in all the investment styles.  
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  2003* 2004 2005 2006 2007 2003-2007 Gap 
BH β1  7.13 (4) 13.92 (5) 14.25 (5) 20.53 (8) 10.51 (7) 13.83 (29) 5.02 

(Equities) (2.64; 11.62) (10.24; 17.60) (10.84; 17.66) (17.91; 23.16) (7.79; 13.23) (12.40; 15.26) 
 SH β1  9.21 (2) 21.19 (6) 19.70 (7) 10.86 (4) 11.88 (4) 15.05 (23) -1.08 

(Equities) (2.73; 15.69) (17.91; 24.47) (16.79; 22.61) (7.16; 14.55) (8.26; 15.50) (13.44; 16.67) 
 

Average 8.17 17.56 16.97 15.70 11.19 14.44 1.97 
(4.48; 11.86) (15.11; 20.01) (14.76; 19.19) (13.55; 17.84) (9.02; 13.37) (13.37; 15.51) 

 BH β2 8.01 (2) 11.63 (3) 
  

2.29 (1) 4.06 (6) 2.18 
 (Fixed-Income) (2.31; 13.71) (7.36; 15.90) 

  
(-4.20; 8.78) (1.03; 7.08) 

 SH β2 4.09 (3) 7.12 (9) 8.44 (12) 7.28 (11) 6.95 (11) 7.02 (46) 1.59 
 (Fixed-Income) (-0.52; 8.71) (4.74; 9.50) (6.84; 10.04) (5.65; 8.91) (5.16; 8.75) (6.12; 7.92) 

 
Average 6.05 9.38 8.44 7.28 4.62 5.54 1.88 

(2.46; 9.64) (7.30; 11.46) (6.84; 10.04) (5.65; 8.91) (2.89; 6.35) (4.67; 6.41) 
 BH β3   

 
4.65 (2) 18.55 (6) 10.57 (4) 8.17 (4) 9.15 (16) 1.08 

(Cash) 
 

(-0.77; 10.06) (15.43; 21.67) (6.92; 14.22) (4.61; 11.73) (7.30; 11.00) 
 SH β3   6.59 (5) 9.29 (10) 9.96 (6) 15.08 (8) 7.08 (8) 9.88 (37) 2.27 

(Cash) (2.93; 10.25) (6.88; 11.54) (6.90; 13.02) (6.27; 17.65) (6.19; 9.33) (6.63; 11.06) 
 

Average 6.59 6.97 14.26 12.82 7.63 9.51 1.68 
(2.93; 10.25) (4.88; 9.06) (12.08; 16.44) (10.72; 14.92) (5.70; 9.56) (8.51; 10.52) 

 Aggregate 6.94 11.30 13.22 11.93 7.81 9.83 1.84 
 

*Although the return-based style analysis of Sharpe (1992) is carried out from June 2000 to 

December 2007, the use of 36-month rolling windows leads us to examine herding behaviour from 

June 2003 to December 2007. Therefore, in 2003 we can only consider seven months. 

 

4.4 Simulation analysis to compare the properties of the two herding measures 

Once the results obtained by our alternative method have been shown, it is important to test 

whether this new approach really provides more precise calculations of the herding level. 

Consequently, we compare the properties of the new and the traditional measure in Monte 

Carlo simulations. In order to do that, we conduct a Monte Carlo analysis in which we 

generate 1,000 simulations of no expected herding with random betas.  

Specifically, our simulation study considers the set of estimated betas for each 

pension plan and for each rolling window. Given this information, our simulation aims to 

covering a situation of no herding generating different scenarios in which each portfolio 

can show any value for the different exposures according to a random process. After that, 
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we calculate the herding level with both the LSV measure and our alternative approach to 

test whether results confirm the situation of no herding or otherwise the measures show 

spurious herding. 

Our Monte Carlo analysis shows that LSV measure captures herding when using 

betas simulated although no herding should be expected. Concretely, this measure leads to 

buying and selling herding in the three investment styles in 50.13% of the simulated 

scenarios. As a consequence, in half of the theoretical situations of no herding, the 

traditional metric captures this phenomenon. Additionally, we also observe that the 

traditional measure detects herding behaviour in 21.84% of the years.  

On the contrary, the number of simulations showing positive and statistically 

significant levels of buying and selling herding is reduced to 26.60% in our alternative 

approach instead of 50.13%. Additionally, a significant reduction in the number of years in 

which this phenomenon is statistically significant is also observed (3.57% instead of 

21.84%). Although herding phenomenon is still detected, the level has been dramatically 

reduced. Consequently, we can conclude that our analysis improves the traditional measure 

and provides, therefore, more accurate results of herding behaviour. In summary, the results 

of the Monte Carlo analysis confirm the efficiency of the new approach proposed. 

 

5. Additional analyses 

5.1 Herding results taking into account the amount of trades 

Despite the popularity of the LSV measure, this metric presents some limitations given that 

the pioneer study of Lakonishok et al. (1992) only pays attention to the tendency of 

managers to trade in herds in a given period. However, there is also other information very 



 -23- 

relevant to test this phenomenon. Bearing in mind only the number of active managers and 

disregarding the value of their trades can overlook herding which can in fact be present.11

For that reason, some authors like Oehler (1998), Wermers (1999) and Voronkova 

and Bohl (2005) allege the use of a complementary measure that collects information about 

the amount of stocks bought or sold by each manager. This measure referred to dollar ratio 

and volume herding in financial literature is defined in our study of herding in strategic 

style allocations as amount ratio since it considers the magnitude or value of the increases 

or reductions in the strategic assignments of each period. The ratio is expressed as follows: 
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B(j,t) and S(j,t) is the amount bought and sold in the strategic style j over period t instead of 

the number of managers that increase or decrease the style j; p(j,t) is the percentage of the 

amount bought in style j in period t; p(t) is the expected proportion of the amount bought in 

that period relative to the amount traded aggregated across all styles. 

Similarly to the calculation of more accurate values of p(t) when using the LSV 

herding measure, we have considered the possibility of applying our alternative method to 

detect the intensity of the herding behavior. Notwithstanding, in this case, we fail to find a 

                                                 
11 Think about a situation in which the buyers and sellers are similar in number but the buyers collectively 
demand a substantial amount of the stock while the sellers only put a relatively small amount into the market. 
In such a situation, even though herding into stocks exists, the LSV measure would not capture it. 
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statistical relationship between the previous values of the exposures and the magnitude of 

the subsequent variations as can be observed in Appendix 3. Hence, we focus our analysis 

on the application of the abovementioned ratio. 

This ratio is quite similar to the LSV measure, with the sole difference being that 

instead of analysing the number of managers trading on the same side of the market, the 

above ratio considers the amount of trading carried out. Note that the amount ratio does not 

include the adjustment factor of the LSV metric given that, in this approach, the variables 

(the amounts bought and sold) are continuous. 

The results obtained by considering this ratio are gathered in Table 6. As we could 

expect, this table provides evidence of herding behaviour from a quantitative perspective. 

Thus, this finding supports the results obtained by applying the traditional measure, 

demonstrating the complementarity of both perspectives. 

 

Table 6. Herding results based on the amount ratio 

The table shows the herding results based on the amount ratio for both buying (BH) and selling 

(SH) managers as well as the aggregate level of herding (Average) for the different strategic style 

allocations analysed (equity, fixed-income and cash). The results for the entire time period analysed 

(June 2003-December 2007) are reported in the last column of the table. The figures report the 

herding level of each year in percentage terms as the average of the twelve months along with the 

number of months is which this behaviour is observed. Moreover, the confidence intervals of the 

herding levels appear below the metric. Herding measures in bold are statistically significant at 5% 

level.  
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  2003* 2004 2005 2006 2007 2003-2007 
BH β1  10.76 (5) 15.36 (6) 17.26 (5) 21.69 (7) 13.14 (7) 16.08 (30) 

(Equities) (6.74; 14.77) (12.07; 18.65) (13.83; 20.67) (18.88; 24.42) (10.42; 15.85) (14.66; 17.48) 
SH β1  7.72 (2) 15.53 (6) 18.29 (7) 8.71 (5) 9.16 (5) 12.26 (25) 

(Equities) (1.38; 14.06) (12.31; 18.75) (15.37; 21.20) (5.41; 12.01) (5.92; 12.39) (10.73; 13.79) 

Average 9.24 14.32 16.46 16.43 10.91 14.34 
(5.80; 12.68) (13.07; 17.82) (15.54; 20.00) (13.03; 17.33) (9.05; 13.24) (13.12; 15.22) 

BH β2 22.54 (4) 13.31 (5) 15.75 (6) 12.48 (5) 23.79 (8) 17.12 (28) 
 (Fixed-Income) (18.02; 27.07) (9.68; 16.94) (12.59; 18.91) (9.26; 15.70) (21.23; 26.36) (15.66; 18.59) 

SH β2 5.18 (3) 20.97 (7) 20.65 (6) 18.58 (7) 12.84 (4) 16.59 (27) 
 (Fixed-Income) (-0.10; 10.46) (17.84; 24.10) (17.50; 23.81) (15.69; 21.30) (9.21; 16.46) (15.07; 18.08) 

Average 13.86 17.14 18.20 15.53 18.31 16.86 
(10.42; 17.30) (14.77; 19.51) (15.97; 20.44) (13.34; 17.64) (16.22; 20.41) (15.80; 17.90) 

BH β3   1.29 (3) 25.23 (7) 16.32 (6) 19.19 (5) 12.25 (4) 16.09 (25) 
(Cash) (-3.99; 6.57) (22.10; 28.37) (13.16; 19.47) (15.90; 22.48) (8.62; 15.88) (14.52; 17.66) 
SH β3   21.69 (4) 17.40 (5) 10.39 (6) 26.07 (7) 27.18 (8) 20.44 (30) 
(Cash) (17.17; 26.22) (13.77; 21.03) (7.22; 13.54) (23.33; 28.89) (24.62; 29.75) (19.04; 21.86) 

Average 11.49 21.32 13.35 22.63 19.72 18.27 
(8.05; 14.93) (18.94; 23.69) (11.11; 15.58) (20.50; 24.80) (17.62; 21.81) (17.22; 19.32) 

Aggregate 11.53 17.59 16.00 18.19 16.31 16.49 
 
*Although the return-based style analysis of Sharpe (1992) is carried out from June 2000 to 

December 2007, the use of 36-month rolling windows leads us to examine herding behaviour from 

June 2003 to December 2007. Therefore, in 2003 we can only consider seven months. 

 
 
5.2 Herding results taking into account a time-series perspective  

As mentioned by Bikhchandani and Sharma (2000), another limitation of the LSV measure 

is related to the fact that the traditional metric could be used to evaluate the herding level in 

a given period from a cross-sectional point of view, but it cannot detect whether certain 

managers constantly tend to imitate others over time (time-series perspective).  

As a consequence, the study of Andreu et al. (2009) proposes a time-series analysis to 

test intertemporal herding patterns. Specifically, these authors compare the variations in the 

investments of each portfolio to those carried out by the other managers through an equally-

weighted portfolio. This analysis attempts to distinguish whether some pension plans have 
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herding behaviour over time. Applying this method to our analysis, we compute time-series 

regressions for each pension plan p is as follows: 

tpjtnjpntpj eh ,,, +∆⋅=∆ ββ         (11) 
  
where ∆βpj,t is the monthly variation in the strategic allocation of pension plan p in asset j in 

the period t, ∆βnj,t is the monthly variation in the strategic allocation of the equally-

weighted portfolio n that encompasses every pension plan expect p in asset j in the period t, 

hpn is the slope of the regression and epj,t is the residual term of the regression. 

The slope of this regression indicates the convergence in the strategic changes on 

asset j allocated by each pension plan p and by the rest of the pension plans. A positive and 

statistically significant hpn would provide evidence of intertemporal herding in the strategic 

allocations considered. 

Table 7. Intertemporal herding results* 
 

This table shows the number of pension managers engaging in intertemporal herding behaviour, 

whereas the numbers in brackets indicate the percentage of the sample that they represent. The 

average level of significance is calculated for every hpn that presents a given sign.  
 

 hpn>0 Average hpn<0 Average 
Significant          β1 (Equities) 170 (100%) 0.0000 - - 
Not Significant   β1 (Equities) - - - - 
Significant          β2  (Fixed-Income) 139 (81.76%) 0.0054 - - 
Not Significant   β2  (Fixed-Income) 31 (18.24%) 0.3068 - - 
Significant          β3  (Cash) 151 (88.82%) 0.0047 - - 
Not Significant   β3  (Cash) 19 (11.18%) 0.2879 - - 

 

* Only those pension plans with at least 24 monthly variations are considered to obtain robust 
parameters. Specifically, we examine 170 balanced pension plans. 
 

The results of intertemporal herding are shown in Table 7. This table shows a high 

number of pension managers with herding behaviour over time in relation to the rest of the 

portfolios analysed. We emphasise the high percentage of the sample (more than 80%) that 
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show positive and significant hin. We also highlight that this value reaches 100% when the 

equity asset allocation is studied. Therefore, these results agree with those obtained using 

the LSV measure and the amount ratio, providing evidence for a global trend towards 

herding over time among the pension plans under study.  

Nevertheless, these results should be taken with caution given that both the dependent 

and independent variables of equation 11 are estimated. Hence, they include estimation 

errors and could bias our findings. For that reason, we are committed to analyse the impact 

of this bias on the intertemporal herding magnitude. This study will be tackled in the near 

future through a Monte Carlo analysis. 

 

6. Concluding remarks 

This paper focuses on the herding behaviour of UK pension managers, an interesting field 

of research taking into account the actual influence of institutional managers on stock 

markerts. Specifically, we provide new insights into herding phenomenon by examining 

managers’ decisions with regard to the evolution of their strategic style allocations. 

We firstly use the well-known herding measure developed by Lakonishok et al. 

(1992), finding empirical evidence of herding behaviour among UK managers during the 

entire period. Afterwards, we try to contribute to the literature by proposing an alternative 

approach to overcome some shortcomings detected in this traditional measure. The results 

obtained are robust to those reported by the traditional metric although the reduction in the 

herding level and the effectiveness of this new approach must be highlighted. 

Finally, we also evaluate the herding phenomenon from two aditionally perspectives 

in order to overcome two limitations detected in the traditional metric and to show a 

complete view of this behaviour. In these complementary analyses we find that the extent 
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of herding phenomenon is in line with the level reported by the traditional measure and we 

demonstrate that this behaviour persists over time providing evidence of a very relevant 

intertemporal herding. 
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APPENDIX 1 
 

In order to test the possible existence of a relationship between the previous exposures and 

the increasing probability in the next period, we calculate the following equation for each 

style allocation j: 

εβ ++= ˆ*)( batp  (12) 

Where p(t) is the probability to increase a specific style allocation given the prior value of 

this allocations, β̂  is the estimated value of the style allocation analysed in the previous 

period and a and b are the intercept and the slope of the regression. The values of p(t) are 

calculated by grouping the exposures into intervals. 

The aim pursued with this analysis is to test whether the movements (increases and 

decreases) in a style allocation depend or not on the previous exposures as suggested by 

Wylie (2005). The results obtained from this regression are reported in Table 8. From this 

table we can see that the slope of the regressions carried out are statistically different from 

zero in the case of the equity and cash exposures at 5% level whereas the slope of the fixed-

income regression is very close to this significance level. Hence, the critiscim carried out 

by Wylie (2005) is confirmed in our dataset and we need to calculate accurate values of p(t) 

taking into account the information of the previous exposures. 
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Table 8. Relationship between the probability of increasing an exposure and its 

previous value 

The table shows the results of equation 12 to test whether the probability of increasing the different 

style allocations analysed (equity, fixed-income and cash) depends on the previous value of these 

exposures.  
 

  Intercept Slope R2 

β1 (Equities) 0.9327 -0.5661 
44.59% 

 
(0.7977; 1.068) (-0.7704; -0.3617) 

β2  (Fixed-Income) 0.3943 -0.2601 
6.37% 

 
(0.3118; 0.4769) (-0.5596; 0.0393) 

 β3  (Cash) 0.6539 -0.6792 
46.14% 

 
(0.5839; 0.7240) (-0.9753; -0.4975) 

 

Additionally to the results shown in Table 8, Figures 1, 2 and 3 illustrate graphically 

the values of the style allocation analysed in each figure and the probability of increasing 

this exposure in the next period. Specifically, Figures 1 and 3 show a clear tendency 

indicating that the probability of increasing the equity and cash exposures is inversely 

related to the prior value of the allocation. A finding consistent with the results reached in 

Table 8. 

Figure 1 - Relationship between the probability of increasing the equity exposure (p(t) 

values) and the previous equity weight (β1) 

 



 -31- 

Figure 2 - Relationship between the probability of increasing the fixed-income 

exposure (p(t) values) and the previous fixed-income weight (β2) 

 
 
 

Figure 3 - Relationship between the probability of increasing the cash exposure (p(t) 

values) and the previous cash weight (β3) 
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APPENDIX 2 
 

We propose a non-parametric regression to obtain a smooth approximation of the 

relationship between the probability of increasing the exposure to a certain style and the 

previous values of this style, in our case g(βj), where j=1 to 3. This method only requires 

the the set of observations of the exposures of pension plans to a certain style j and the 

information about if these exposures have increased or decreased in the following period. 

Therefore, the non-parametric regression is as follows: 
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Concretely, non-parametric regressions aim at determining a decreasing function of 

distances from a βj to calculate the weights associated to each location. The values close to 

that allocation receive more weight than those remote from it, which receive little or no 

weight. Given that gaussian kernel estimators are one of the most used non-parametric 

methods, we calculate it as follows: 
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where:   

K(β;μ,σ) is the value of density function of a N(μ,σ) distribution in the location βj and 
allows us to determine the weights associated to each location. 
h is the window width, also called the smoothing parameter or bandwidth 
N is the number of pension plans {p = 1,…, N}. In our case N=193. 
t refers to the time period considered {1≤ tmin,p < tmax,p ≤ T }, being tmin,p (tmax,p) the 
lower (upper) limit of the observed period of pension plan p. It is also important to bear in 
mind that each pension plan p presents different life periods. 
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APPENDIX 3 
 

Figure 4, similarly to Figure 1, shows graphically the relationship between the values of the 

equity exposure and the magnitude of the variation in these weights in the next period with 

the aim of testing the possible existence of a relationship between these two variables. As 

opposed to Figure 1, Figure 4 does not show any clear tendency indicating that the variation 

of the equity exposure (increases and decreases) does not depend on the prior value of this 

allocation. Similar results are also obtained when applying a parametric regression (see 

equation 12) as well as when analysing fixed-income and cash allocations.12

 

 

 

Figure 4 - Relationship between the magnitude of the movements of the equity 

exposure and the previous equity weight (β1) 
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12 These results are not provided for space reasons but are available upon request to the authors. 
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